The application of remote sensing and Geographic Information Systems (GIS) technologies provides powerful tools when used to investigate wildlife and its habitat for an analysis or modelling approach. In this context, birds have been of great and progressive value as biological and environmental indicators. In order to learn about the common approaches used-its methods, processing steps, trends, advantages and challenges-over 120 representative publications of the last 30 years that made use of satellite images for avian applications have been reviewed.
Introduction
The conservation of biodiversity of the 21st century faces two main challenges: habitat loss and species extinction (see, for example, IUCN (2000) and BirdLife International (2000)). It is widely accepted that the provisioning of habitat, and managing it for fauna and flora, is crucial for the conservation and protection of biodiversity. Current data on the distribution, status and ecology of wildlife species are generally not available for many countries and for many habitats of the world.
The objective of most of these studies was to find and to describe relationships between habitat categorization, based on spectral reflectance pattern and georeferenced bird species records. Herr and Queen (1993) distinguish three different ways of applying GIS in order to assess wildlife habitat. This classification is used in table 1 and a fourth category of 'predictive modelling' was added. The table was supplemented by 'possible map outputs'. It is worthwhile emphasizing that many of the mentioned analysing possibilities are interrelated and often can be combined. For instance, in order to model bird distributions the main characteristics of its habitat need to be identified and mapped first, at least on a minimum level. In order to monitor habitats effectively they have to be identified.
According to the classification scheme of table 1, habitats of the species were identified in 50 out of 109 analysed studies. Seventy-seven studies dealt with characterizing and classifying habitats, whereas modelling approaches to predict species distribution or abundance were found in 48 studies. Monitoring of bird species habitats was the objective in only 10 studies.
We found that most of the 109 analysed studies were performed in North America (58 in USA, eight in Canada), three were conducted in Central America (two in Costa Rica, one northern Central America), two in South America (Argentina, Ecuador), 22 were carried out in Europe (nine in Great Britain, five in Spain, two in Norway and Sweden and one in Austria, Belgium, France and Italy), eight in Africa (Botswana, Senegal, Uganda, Tanzania, two in East Africa and two Crozet Archipelago) and just four in Asia (China, India, Russia, Turkey), four in Australia and two in Antarctica (table 2) . Only 10 published studies that used satellite remote sensing techniques have been conducted in tropical regions. In the reviewed studies there is a huge variation in habitats and sizes of the study areas with the smallest covering 13 km 2 in Kansas, USA (Palmeirim 1988 ) and the largest with 5 393 343 km 2 in Australia (Roshier et al. 2001) or the whole United States with about 8 000 000 km 2 (O'Connor et al. 1996) . Other large-scale studies comprise three African countries (Wallin et al. 1992 , Johnson et al. 1998 or the north-west Atlantic (Huettmann and Diamond 2001) . The median of the size of the study areas was 1580 km 2 (n575). As computer technology and worldwide data availability has developed considerably there is a steady increase in the size of the study areas during the 30 year period publication were analysed for that review.
Except for nine studies (Priede 1983 , Haney and McGillivary 1985a , Briggs et al. 1987 , Haney 1989b , Jouventin et al. 1994 , Guinet et al. 1995 , Rodhouse et al. 1996 , Huettmann and Diamond 2001 , Yen et al. 2004 , the use of remote sensing imagery for bird habitat investigations deals with terrestrial habitats. Most studies do not provide an exact percentage of the different types of habitat that are investigated. Therefore, we can report here only our own estimations. While remote sensing applications of open habitats such as agricultural land, heath, pasture, grass-, wetand moorland were predominant, forests as the main habitats were listed in more than a third of the studies. 
Methodologies used in reviewed studies
The detailed methodologies of the studies depended mostly on bird census techniques, remote sensing data, the use of additional environmental data and statistical analyses. However, the typical studies using satellite-based remote sensing and bird data follow a common pattern (see figure 1 ).
1. Most of the studies involve satellite image classification using pre-defined ecological classes believed to be important. The importance of this classification scheme was either derived from expert knowledge, from the literature, or habitat class separability according to its specific reflectance and the characteristics of the remote sensing system. The inherent assumption is that the produced map has ecological relevance, and predictive power to the wildlife species of interest. 2. Bird data were collected, roughly for the same time period when the imagery was taken. 3. Additional data were used, such as terrestrially mapped vegetation structures, soil maps or aerial photographs. 4. The GIS analyses involved a logical or arithmetic map overlay operation of the satellite imagery with the bird data and other environmental data, and were followed by statistical analyses of relationships between the bird data and occurring classes in the satellite imagery and the other environmental data, respectively. 5. In some studies, these relationships were then modelled by predicting the likelihood of occurrence in an area with unknown bird data but known habitat data derived from a satellite.
Satellite imagery.
The most frequently used satellite sensor was Landsat (see table 3 ). While more than half of the studies were based on Landsat Thematic Mapper (TM) images, Landsat Multi-Spectral Scanner (MSS) scenes were used in 11 studies, sometimes along with Landsat TM scenes. Analyses of the higher spatial resolution French SPOT satellite were performed nine times (Miller and Conroy 1990 , Andries et al. 1994 , Green and Griffiths 1994 , Guinet et al. 1995 , Thibault et al. 1998 , Debinski et al. 2000 , 2002 , Klaus et al. 2001 , Saveraid et al. 2001 ) and the newer Indian Remote Sensing (IRS) two times (Debinski et al. 2002 , Kastdalen et al. 2003 . The Advanced Very High Resolution Radiometer (AVHRR) from the National Oceanic and Atmospheric Administration (NOAA) was applied in 22 studies; six times it was used together with other satellite sensors. These coarseresolution imageries were often used in large-scale studies covering entire or large parts of countries (Wallin et al. 1992 , Suarez-Seoane et al. 2002 , Venier et al. 2004 , continents (O'Connor et al. 1996 , Johnson et al. 1998 , Roshier et al. 2001 , HAcevedo and Currie 2003 or the ocean (Haney and McGillivary 1985a , Jouventin et al. 1994 , Huettmann and Diamond 2001 . With the help of NOAA AVHRR imagery often the actual or integrated normalized difference vegetation index (NDVI) was calculated to produce maps of primary production or to detect green biomass (Wallin et al. 1992 , Andries et al. 1994 , Hepinstall and Sader 1997 , Verlinden and Masogo 1997 , Osborne et al. 2001 , Saveraid et al. 2001 , in order to detect habitat change (Sader et al. 1991 , Debinski et al. 2000 , to map wetland distribution (Roshier et al. 2001) or to explain the distribution of centres of bird endemism (Johnson et al. 1998) . The NOAA AVHRR Climate Data Set incorporating values of atmospheric temperatures and sea surface temperatures in the Atlantic and the Pacific, were used for instance by Haney (1989b), Jouventin et al. (1994) , Rodhouse et al. (1996) , Huettmann and Diamond (2001), Meyer et al. (2002) and Yen et al. (2004) to analyse seabird habitats or to model their distribution. A radar ERS image was applied by Thibault et al. (1998) to investigate ice-cover on a river. The ice-cover was used to determine open water areas, which are the habitat of the endangered harlequin duck Histrionicus histrionicus.
Detailed information on the processing infrastructure such as operating system, software and hardware as well as the spectral bands used for image classification were often lacking. Forty-nine out of the 109 reviewed studies did not provide information about geo-coding of the remote sensing imagery. However, in 34 studies images were geometrically corrected.
In terms of thematic resolution, the number of habitat classes derived from remote sensing analyses ranged from 2 to 71 with a mean number of approximately 9.3 habitat (or vegetation/land use) classes (n568).
Only 24 of the reviewed studies provided details on the overall accuracy of the classification process, which varied between 60% and 99% (mean value of about 85%). In 59 studies accuracy assessments were not performed or at least not mentioned. Some studies utilized an existing land cover classification scheme, such as, for example, the Centre for Ecology and Hydrology Landsat cover map of Great Britain, which was used by Mack et al. (1997) and Dettmers and Bart (1999) or the CORINE land-cover map of Europe, used by Seoane et al. (2004) . When existing land-use maps were used usually no details of the classification process or the accuracy of the used map were mentioned. Further, 14 studies used raw data, without classifying the image or calculating, for instance, the NDVI.
In terms of temporal scale, for many of the investigated studies the bird census period does not fit with the exact time when the satellite image was taken. The difference between time of satellite image acquisition and bird census period spans up to 78 years (mean difference of 3.5 years). In only 42 out of 81 studies which provided details this difference was less than 1 year.
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Most analyses were not solely based on satellite imagery but used also additional data and covariates. In 30% of the studies aerial photographs-mainly colour infrared pictures-were included. In the majority of these studies they were used to verify image classification. Only a few studies used actual terrestrial estimations of per cent cover as additional vegetation type information. In 20 of the 109 analysed studies, a digital elevation model (DEM) was used. With the help of DEM data, slope, aspect or land ruggedness could be calculated and then used for further bird-habitat investigations. Other additional data sources were information on soils, nitrogen deposition, water depths, climate and different vegetation measurements such as vegetation height or cover value of a specific vegetation type, and man-made features such as roads and buildings. Those terrestrial sampled data were used in 36% of all studies.
In several instances spatial texture measures, i.e. patchiness of a specific habitat, spatial configuration, fragmentation, area and boundary length of landscape elements and vegetation types were calculated. For example, Fauth et al. (2000) , Haire et al. (2000) , Saveraid et al. (2001) and Meyer et al. (2002) used FRAGSTATS, a spatial pattern analysis program for quantifying landscape structure (McGarigal and Marks 1994) . Hepinstall and Sader (1997) successfully applied spatial texture measures to determine species preferences. Also, distances between bird records and, for example, agricultural land, coast, shelf edge, roads or buildings were calculated. These additional data were used for further refinements of the birds' habitat analysis or its model.
Bird data.
In order to link the habitat information with birds, and depending on the habitat or species being targeted, three main bird census techniques were used (see table 4 ). Mostly, simple counts of sightings of bird species or their nests were conducted. This was carried out in systematic and non-systematic ways, and sometimes with the help of tools such as aircraft (Briggs et al. 1984 , Hodgson et al. 1987 , 1988 , Haney 1989b , helicopter (Wallin et al. 1992 , Herr and Queen 1993 , Morrison 1997 , Jenkins et al. 2003a , boat (Briggs et al. 1984 , Haney and McGillivary 1985a , Briggs et al. 1987 , Haney 1989b , Huettmann and Diamond 2001 , Yen et al. 2004 , canoe (Groom and Grubb 2002) , radio telemetry (Young et al. 1987 , Hunsaker et al. 2002 , Fearer and Stauffer 2003 or satellite telemetry (Guinet et al. 1995 , Jouventin et al. 1994 , Rodhouse et al. 1996 . A direct link between bird breeding sites and satellite imagery was applied by Guinet et al. (1995) and Schwaller et al. (1984 Schwaller et al. ( , 1986 Schwaller et al. ( , 1989 . They identified nesting rookeries of penguins on the ground by their spectral reflectance using Landsat TM and SPOT imagery.
Transect counts and Point-Stop Counts (PSC) were performed in 21 and 29 studies, respectively. Furthermore, bird data derived from the literature was used in 32 studies. Twenty-two studies used 'presence/absence' data and 16 of the Table 3 . Satellite images in 109 analysed studies. In some studies more than one satellite type was used. In six studies the source of satellite sensor data was not given. investigated studies were based on 'presence only' data. Census techniques that use counts of bird detection as an index of relative abundance (Rosenstock et al. 2002) were used 39 times. Distance Sampling (Buckland et al. 1993) , an empirical modelling technique for survey data that directly estimates bird densities (absolute abundance) by taking the variation in species detectability into consideration, were only used in the study by Kastdalen et al. (2003) . In eight studies the source and census methodology for the bird data was not given. Little research has been carried out on multi-species and avian community analyses. Most of the research using remote sensing was carried out to find habitat use, preferences or to predict species distribution either for a single species (41%) or for two to five bird species (11%). More than 20 bird species were used in 23% of all studies investigated.
3.2.3 Statistical analyses of wildlife-environment relationships. For the study of relationships between bird species distribution patterns and environmental variables the 109 studies used a wide array of statistical methods. Some of them have been specifically designed for these studies, for example Aspinall and Veitch (1993) and Tucker et al. (1997) who used specific Bayesian approaches. Other studies applied common statistical techniques. Many papers did mention statistical tests, but were not really specific about it. Mostly univariate and bivariate tests as well as multivariate statistics were carried out. Bayesian models were used in Aspinall and Veitch (1993) , Griffiths et al. (1993) , Tucker et al. (1997) , Hepinstall and Sader (1997) and expert opinion techniques were applied by Pearce et al. (2001) . Chisquare test, T-test and Mann-Whitney U-test were commonly carried out to compare single habitat variables between study plots with and without the species, and between two study areas containing species. The use of logistic and multiple regressions to predict species distribution has strongly increased since the 1990s (e.g. Avery and Haines-Young 1990 , Lauga and Joachim 1992 , Griffiths et al. 1993 , Austin et al. 1996 , Nøhr and Jørgensen 1997 , Saveraid et al. 2001 , Huettmann and Diamond 2001 , Osborne et al. 2001 , Meyer et al. 2002 , Jepsen et al. 2002 , SuarezSeoane et al. 2002 , Jeganathan et al. 2004 , Venier et al. 2004 , Yen et al. 2004 ).
Discussion

Topics related to the remote sensing imagery
The selection of the 'right' satellite sensor is a crucial decision which affects the outcome of the habitat description and the wildlife-habitat relationship. So far, no methods are known to us that provide guidance for such decisions in detail. The reviewed studies did not show many considerations in regards to spatial scale and choice of appropriate satellite sensor. Topics like mismatch of scales between remote sensing data and avian data were discussed in only few studies. Thibault et al. (1998) and Venier et al. (2004) compared different satellite sensors and showed how the choice of satellite sensor may affect results in a bird species-habitat study. However, the preferred usage of Landsat in almost 80% of all analysed studies is probably due to the fact that the Landsat programme was the first major satellite programme for public use. In addition, the high spectral resolution of this sensor, its robust data structure, and a good price-performance ratio contributed to its success. O'Neill et al. (1996) recommend that the spatial resolution should be two to five times smaller than the spatial features of interest. That involves knowing the landscape features relevant to the species of interest beforehand, which is often impossible. Additionally, studies containing more fine-grained habitat information need adequate species knowledge or are fraught with many assumptions about the species' ecology than on studies that have fewer details and are more general in design (Pearson and Simons 2002) . Morrison et al. (1992) suggest a hierarchical approach viewing habitat analysis first from the broadest scale, and then working down to the finest level of scale necessary to answer the question of interest.
For some bird species the habitat classification based on satellite images can be of insufficient resolution (see examples in table 5). Depending on the spatial resolution of the sensor, specific 'hard edge' features such as narrow linear grooves, hedgerows, fences and small patches of land or single trees cannot be (precisely) identified in many satellite images, although, they may be of major importance to specific wildlife species (see Mack et al. 1997) . For these species the features are suggested to be identified and be mapped by ground surveys or by specific image analysis techniques such as contextual analysis or edge detection (Andries et al. 1994) . Additionally, satellite imagery may not capture important events affecting the habitat (Jenkins et al. 2003b) . Several non-habitat factors, like historical reason, intraspecific and interspecific interaction, microhabitat characteristics or the three-dimensional architecture of vegetation are beyond the scope of satellite remote sensing technology. 
Ruffed grouse (Bonasa umbellus)
Landsat TM Certain pertinent landscape features and local variables could not be detected Herr and Queen (1993) Greater sandhill crane (Grus canadensis tabida)
Landsat TM Certain pertinent landscape features and local variables could not be detected Gratto-Trevor (1996) 10 shorebird species Landsat TM Edge habitats could not be identified Tucker et al.
Coal tit (Parus major), golden plover (Pluvialis apricaria), snipe (Gallinago gallinago)
Landsat TM Satellite-based classes extended over a range of habitats Saveraid et al.
11 passerine bird species Landsat TM and SPOT
Spatial resolution was too coarse and did not contain enough information
Generally, the finer a satellite-derived habitat map is classified, the more bird species-habitat relationships can potentially be revealed. The new generation of high resolution satellite systems such as Ikonos, Quickbird and Orbview may advance possibilities to achieve a detailed habitat map, as they provide multi-spectral imagery of 2.8-4 m spatial resolution with an effective revisit capability of just a few days. Their characteristics offer the possibility of doing research that was previously only possible by ground-based studies or using airborne sensors (Clark et al. 2004 , Ehlers 2004 ). Although their low spectral resolution (lacking of short-wave infrared) was identified by Mehner et al. (2004) as the main weakness of the data quality, they found that the high resolution satellite systems were capable of higher accuracy than achieved with previous approaches. However, usually the accuracy of the classification increases with a decrease in the number of classes used (Rees 1990) . A higher-resolution satellite image could improve habitat separability as they introduce a substantial amount of extra detail and spatial variation into the classification process, and thus provide a higher number of habitats on a finer scale. Working at a too detailed level of scale could mean that the number of points per habitat type with bird records would significantly decrease thereby diminishing the power of the statistical tests to distinguish differences between habitat use and availability (Garshelis 2000) . Stoms et al. (1992) tested the effects of coarser spatial resolution of a satellite-based habitat map. They eliminated polygons of a habitat map that are less than 20 ha and observed no significant effects on a habitat suitability model for the California condor Gymnogyps californianus. Venier et al. (2004) demonstrated that the finer resolution Landsat MSS land cover were not more useful than the coarser AVHRR land cover at identifying local habitat associations of 10 forest songbirds. Seoane et al. (2004) compared the predictive ability of bird distribution models derived from 30 m and 250 m resolution satellitebased maps. As well, they found no significant differences and suggested that improving vegetation maps above a certain limit has no effect in their power to predict bird distribution.
Many sources of bias stem from the image processing algorithms employed, such as atmospheric correction, supervised or unsupervised classification techniques, and image transformations. These choices can be driven by the processing software available to the user. Additionally high cloud cover and shadow can restrict the choice of imagery available to the research project. As a consequence, this restriction can produce a significant temporal difference between bird and satellite sensor data. For example, Justice and Hiernaux (1986) stated that the 18 day orbital period of the Landsat platform is insufficient to provide regular cloud-free coverage during the 2 month growing and breeding season of the Sahelian Zone.
Assigning habitat types to pixels can cause errors (White et al. 1997) as habitat classes determined from spectral signatures of the image may not directly correspond to specific and relevant avian units or habitats for birds. Certain bird species are likely to be better represented than others by the habitat classes. A difference between specialist and generalists species was found by Jones et al. (2000) , as landscape characteristics derived from Landsat TM explained a greater proportion of the specialist species richness than the generalist species richness. Generally, it is recommended to partition the habitat types in terms of relevant features according to the habitat preferences (Garshelis 2000) . In order to map habitats under species specific criteria a post-processing of the classified image is sometimes necessary. Unfortunately, this post-processing is highly dependent on the 2642 T. Gottschalk et al.
prior knowledge of the interpreter and can lead to subjective biases. Thus, extracting land cover information from remote sensing images through a classifying process involves much human intervention and judgement, rather than being driven by objective biological requirements of the species. Drawing boundaries in natural vegetation areas can be highly problematic (see, for example, Fortin et al. 2000 , Janssen 2000 . Habitat types can display gradual change in community type. This is characterized in the satellite imagery through high frequency variation in spectral values and in a high proportion of mixed pixels (see Aspinall and Veitch 1993) . Obviously, the level of variation has a limiting effect on the correlation between habitat and species (Nagendra 2001) . Although sometimes a separation of transitional stages might be necessary, this separation can result in 'too many' habitat classes. That again would increase bird census efforts, as a higher density of bird records would be necessary to achieve significant species-environment relationships. If only few habitat classes are defined, each is likely to have considerable variation in plant species composition and other attributes (Cully and Winter 2000) and thus reduce the possibility to detect significant bird species-habitat relationships.
In a species-habitat study, map accuracy can usually be confirmed efficiently by using the ground data from the bird sample plots (Berry et al. 1998 . The importance of a high accuracy of image classification is illustrated by Lyon et al. (1987) . The authors showed that even a 5% change in classification accuracy of a land-cover map caused significant differences in levels of a habitat quality index. However the study did not focus on general sources of noise. Hunsacker et al. (2002) compared relationships between occurrence of California spotted owl Strix occidentalis and proportion of canopy-cover derived from Landsat TM imagery and derived from aerial photography. They found that differences in canopy-cover composition of less than 10% can significantly affect occupancy by the owl.
In several studies computer-assisted image classification was not undertaken; instead raw reflectance data were used, or images were hand-traced. The disadvantage of this approach might be that relationships between reflectance data and species distribution can be identified but habitats are not described and stratified in ecologically meaningful terms. In addition, species-reflectance studies tend not to provide reliable answers when applied to areas other than the ones in which they were developed for because season, weather and soil condition may adversely affect the reliability of extrapolation to another image (Nagendra 2001) . Furthermore, exact relationships between bird occurrence and satellite-derived land cover can fluctuate. Avery and Haines-Young (1990) and Lavers et al. (1996) found correlations between dunlin (Calidiris alpina) abundance and near-infrared reflectance of the Landsat image in Caithness and Sutherland, Britain, but not for the nearby Shetland Islands as on that island the easily detectable pools were missing (Lavers and Haines-Young 1997) . Further, Morrison (1997) concluded that mapping wildlife habitats of the Arctic requires constant ground truthing and recalibration of habitat classes in different regions.
The importance of a large number of environmental variables increases with the complexity of the animals and their habitats, and with the degree of accuracy of the species-environment relationships to be studied. Vertical habitat structure features can severely affect wildlife distribution and abundance. Severe limitations exist in woodlands and forests, as most satellites, except for microwave imagery and Synthetic Aperture Radar (SAR), are unable to detect or characterize the structure of lower layers, which are likely to be of importance for some species (see, for instance, Palmeirim 1985) . In some of the reviewed studies, the additional groundbased data used along with satellite-based data were biased by the fact that the data were chosen because they were available. However, to find explanatory and meaningful variables determining wildlife occurrence is a difficult endeavour and depends much on the biotope of interest. In order to measure for instance forest habitat structures, Morrison et al. (1992) list 29 different variables, such as woody foliage profile density or tree stump size. To analyse habitats or to build models of species habitat relationships using remote sensing data and GIS methods, a species must be either common enough and/or habitat-specific enough to exhibit a significant relationship with one or more remotely sensed habitat types (Debinski et al. 1999) . Significant species-environment relationship depends on the bird species itself, and whether it tends to be ubiquitous or rare and to the degree of habitat map detail. The main habitat features, which are assumed to be closely related to the objectives, should be mapped, as far as time and financial resources are available. Such specific habitat features can usually indicate habitat preferences (e.g. Aebischer and Roberston 1992 , Jones 2001 , Manly et al. 2002 . Some of these habitat features are helpful as reference data for digital image classification. Roseberry and Sudkamp (1998) selected variables that were theoretically meaningful, predictive, and consistent with the resolution and accuracy of the land-cover data. Pearlstine et al. (2002) suggested that predicted species models only based on land cover classes fail to incorporate many of the basic ecological characteristics of the species. By applying ground-based habitat data, Mack et al. (1997) found that species-area relationships described the bird species numbers better than those from remotely sensed data. However, they also showed that remotely sensed data are of sufficient spatial resolution for coarse scale estimates of species-area relationships. To assess the relative contribution of ground-based data and satellite sensor data in explaining differences in data of 62 bird species, Gottschalk (2003) used the coefficients of determination (R 2 ) to compare different regression models. The best fit of the models was achieved by combining satellite-and ground-based variables (R 2 50.26) compared to the sole use of satellite sensor data (R 2 50.18). Nagendra (2001) pointed out that ancillary data may best to predict species distribution in natural areas. Keeping in mind that for large scale studies exhaustive terrestrial data are often not available, Venier et al. (2004) showed that significant improvements to model bird species distribution can also be made by adding worldwide available NOAA AVHRR climate data to land cover maps.
Temporal scale and seasonality
In many ecological studies a source of bias is presented by the relatively short census period, e.g. within a season and rarely more than over a period of 3 years. In addition, an analysis based on multi-temporal imagery has greater discriminatory power than the analysis of a single-date image. Firstly, habitat separability and identification can be improved by multi-date image based classifications. Secondly, it is unlikely that short duration studies adequately reveal the variability inherent in habitat use by animals. Temporal shifts of habitat use and habitat suitability can occur within time of day, and within and between seasons and years. These shifts can result from numerous factors such as weather, food abundance, and densities of conspecifics, competitors and predators (Block and Brennan 1993) . For example, extreme seasonal weather events, such as El Niñ o, can force animals into habitats not used during typical years (Homer et al. 1993 ) and thus bias wildlife-habitat 2644
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Bird census
In many of the reviewed studies, non-systematic and non-standardized censuses and surveys were used. These techniques, however, have the disadvantages that they are not transparent and that results can be biased and based on incomplete and not representative data. Of the standardized census techniques, geo-referenced PSC and further line transect counts seem to be the most appropriate methods, particularly for studies in remote or difficult to access areas. This is because they are less walking intensive and thus less time-consuming and more effective. These census techniques are useful for a broad spectrum of both, natural and non-natural habitats. Georeferenced PSC and transect counts can be spatially adjusted to the required scale of the remote sensing imagery. If data on distributions and true abundances (densities) are needed, especially for accurate modelling approaches, for many applications, distance sampling (see Buckland et al. 1993 , Bibby et al. 2000 is usually recommended. Its use allows correction for the possibility of detecting birds as it takes into account that some birds are detectable over much greater distances than others, and that a species may be more easily spotted in one habitat than another. General sources of errors caused by bird census techniques are discussed, for example, in Ralph and Scott (1981) , Bibby et al. (2000) and Farnsworth et al. (2002) . The number of survey points should be adjusted, as well as the number of required repeats of surveys in order to obtain robust estimates. No study was found that tested different efforts on bird census to show the effect on species-environment relationships. However, Bibby et al. (1998) recommended a minimum of about 50 points per habitat. For rare species, a higher bird census effort, e.g. density and repeats of surveys, might be required in order to obtain robust estimates.
If a model is based on relative or absolute densities, as well as on presenceabsence data, distortion of concern can be caused by autocorrelation (Schneider 1994) . Double recordings of the same bird at two or more (neighbouring) points can be possible for high, mobile vagrant or large birds visible from two or more points.
Although the number of papers that involve satellite tracking techniques have increased (e.g. Ginati et al. 1995 , Hatch et al. 2000 , Berthold et al. 2001 , Hashmi et al. 2001 , Watzke et al. 2001 , only three of the papers reviewed by us referred to these techniques (Jouventin et al. 1994 , Guinet et al. 1995 , Rodhouse et al. 1996 . This may be due to current inaccuracies in location determination, which actually lies at best around ¡30-150 m and would only allow broad-scale analyses. It is to be expected, however, that future developments will improve satellite tracking techniques and will allow a cheaper and more precise determination of animal locations. Linking of precise bird locations derived by satellite tracking, with habitat maps derived by space-borne sensors, presents a future challenge that needs to be investigated further.
Analysing approaches to investigate bird-habitat relationships and model performance
Remote sensing imagery offers great potential to investigate the subject of 'habitat availability' which is crucial to address true preferences from habitat use, and for valid model inferences (e.g. Robertson 1994, Manly et al. 2002) . The reviewed papers did not discuss these issues, and thus appeared to be biased towards showing statistical relationships but not inferred biologically meaningful habitat links or true habitat preferences.
An alternative can be the use of resource selection functions (RSF) (e.g. Aebischer and Robertson 1992 , Boyce and McDonald 1999 , Manly et al. 2002 , Kastdalen et al. 2003 , which offer the opportunity that only a small but representative fraction of the study area needs to be sampled and surveyed for the wildlife species. Once a robust relationship has been established this relationship can be modelled and extrapolated to the entire area that is recorded, classified and inventoried by remote sensing. Additionally, software developments like Biomapper (for presence only data) and GARP (Genetic Algorithm for Rule-set Prediction) have received much attention in recent times for spatial analysis and predicting species occurrences (Hirzel et al. 2002, Stockwell and Peters 1999) . Furthermore, programmes such as FRAGSTATS or the Patchanalyst are well-used tools in remote sensing applications for quantifying landscapes/habitats and studying wildlife-habitat relationships.
One utility of models is to guide further efforts and studies (Garshelis 2000) . The methodology, however, needs to be adjusted by a refinement process that is based on the specific abiotic and biotic circumstances. Model verification refers to a broad spectrum of performance standards and criteria including model credibility and acceptability, realism, generality, precision, breadth, and depth (Marcot et al. 1983) . Key concepts such as threshold-based and non-threshold-based accuracy checking for models of species habitat or species distribution are given for instance by Fielding and Bell (1997) and Pearce and Ferrier (2000) . So far, however, they have not been applied very often. The strength of the species-habitat relationship is fundamental in a model and also in a monitoring programme based on bioindicators. It should therefore be improved through rigorous testing. The value of ground truthing the relationship between remotely sensed habitat and species on the ground cannot be overestimated (Debinski and Humphrey 1997) .
Conclusions and suggestions for future studies
Thirty years of using satellite-based remote sensing and bird data in a GIS environment has greatly increased our ability to assess causal effects in speciesenvironment relationships. Many of the findings depicted from more than 100 avian studies using satellite remote sensing are relevant for general wildlife studies and can therefore used as a template. These techniques allow the convenient presentation, efficient prediction and monitoring of the distribution of species/communities and the estimation of the bird population sizes for large and remote areas. Its highest potential might exist in its application in ecosystems where access is limited and coarse and quick but quantitative estimates with statistical confidence limits on biodiversity are urgently needed. In terrestrial environments, combining satellite sensor data with terrestrially derived measurements seems to be the most effective way to determine species-environment relationships. For most study sites, the only alternative to remote sensing is ground data collection, which makes the cost of covering large areas prohibitively high.
For issues that deal with best habitat classification, the optimum number of habitat features and the most appropriate scales need to be addressed. This has to be specified according to the ecology of the target species and the local landscape configuration. To
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better understand and to improve the quality of the inference and for comparative analyses, it is highly recommended that these studies are standardized. Therefore, bird census techniques, terrestrial measurements, satellite image sources and classification, accuracy assessment and statistical analyses should be well thought out and documented in further investigations. This detailed documentation should be given for data collected by the investigator as well as by others. More multidisciplinary studies and approaches are needed in order to properly advance the benefits that remote sensing methods can bring to the research and conservation on wildlife and its habitats. To date, not all remote sensing applications in ornithology are mature, and cost-benefit analyses of remote sensing applications for precise avian-habitat applications are somewhat lacking. Nevertheless, the method has been well established within the last 30 years and is likely to play an increasing role in a huge range of applications, especially those determining the essential spatial elements of species habitats, modelling the distribution of birds and habitats, and monitoring their changes at a global level.
